Air cushion furnace is indispensable equipment for the production of high quality strip, and it is significant to national economy. e flotation height is a key factor to the quality and efficiency of the product. However, the current prediction models can merely predict the flotation height of strip in air cushion furnace at single working state. e precision of prediction model is inaccurate at the circumstance of low flotation height. To solve the above problem, firstly, this paper proposes a framework which can predict the flotation height of strip under both stable and vibration states. e framework is composed of the hard division model and prediction model. Secondly, a hard division method is proposed based on clustering which combines stacked denoising autoencoder and floating process knowledge. irdly, a parallel hybrid flotation height prediction model is proposed, which can provide desirable prediction results at the circumstance of low flotation height. Finally, the LSSVR model is used to predict the maximum and minimum flotation height of strip at vibration state. e experimental results show that the framework can accurately divide the stable and vibration states of the strip and can accurately predict the flotation height of the strip under the stable and vibration states. e research contents of this paper lay an important theoretical foundation for the precise process control in air cushion furnace.
Introduction
In view of the high surface quality requirements of the high quality strip product, air cushion furnace is indispensable equipment for heat treatment in the production process of the high quality strip product [1, 2] . In comparison with the traditional heat treatment furnace, air cushion furnace is characterized by the following advantages: (a) the strip is suspended in the air for drying so that scratch on the strip is avoided by this noncontact drying manner and (b) air cushion furnace owns higher production efficiency [3, 4] .
Flotation height of the strip in the air cushion furnace is a key factor to the surface quality of the strip. It should be emphasized that the flotation height expresses the floating height of the strip in this paper. e meaning of flotation height in this paper is different to flotation height in mineral processing [5, 6] . When the flotation height of the strip is too high or too low, the strip will contact with equipment and further be scratched.
is leads to the scenario that the product surface quality cannot meet the production requirements. In addition, the flotation height of the strip greatly affects the heating rate and cooling rate. So, the related research of flotation height is significant [7] . In the actual operation process of air cushion furnace, some problems exist in the flotation process, such as complex operating conditions, coexistence of steady and vibration working conditions, difficulty in obtaining label data, and strong interference in production process. Prediction accuracy degree of the flotation height under stable state and vibration state is a key restricting factor for the process control of air cushion furnace. erefore, it is of great significance for the production process control of air cushion furnace to study the prediction model of the strip flotation height in air cushion furnace under stable and vibration states [8, 9] .
Stable state and vibration state coexist in the production process of the air cushion furnace. e strip is floated stably in air under stable state while the strip is fluttering in air under vibration state. For the above reasons, we propose a flotation height prediction model based on the hard division method, which can further divide the working states into stable state and vibration state [1, 10] .
Recently, there have been some relevant research works on the problem of flotation height prediction of strips under stable state based on the experimental data via the air flotation experimental platform. Chen et al. predicted the flotation height of strip under stable state by using the data fitting method [11] . Moretti combined the axially moving beam, thin-wall jet theory, and thick-wall jet theory with other ground effect models to establish a mechanism flotation height prediction model of the strip in the air flotation furnace [12] . Hou et al. proposed a parallel hybrid flotation height prediction model, i.e., SBEH, which is composed of the mechanism prediction model and the data error compensation model. e proposed model combined the high generalization performance of the mechanism model with the strong learning ability of the data-driven model [1] . However, the flotation height of the strip was usually low at stable state. Existing flotation height hybrid models under stable state were established on thin-wall jet theory. Some studies have also proved that the thin-wall jet theory is less efficient than thick-wall jet theory in the low flotation height circumstance [10] . To the best of authors' knowledge, a flotation height hybrid model based on the thick-wall jet theory has not been reported in the literature.
In addition to the stable state, the flotation height prediction of strip under vibration state has also attracted the attention of some scholars. Cho established a vibration model for the first four modes of strip on the basis of the eigenvalue method, the linear gyroscopic system principle, and the discrete system principle. Moreover, the stable state and vibration state of the strip also have been divided and recognized by artificial experience [13] . Takeda and Watanabe et al. used experimental data and expert experience to construct a vibration prediction model of conveyer belts under self-excited vibration state [14] . e vibration process of the strip in the air-cushion furnace belongs to the fluidsolid coupling process so that it is often difficult to establish the mechanism model of the strip vibration. Furthermore, mechanism models generally use some physical assumptions as an ideal precondition, which lead to the prediction results failing to meet the precision requirement in industrial process. e highest and lowest flotation points of strip are most likely to contact with nozzles and be scratched. erefore, in order to ensure the quality of the strip, accurately predicting the strip height is a key issue. With the development of the machine learning methods, the datadriven model has achieved good effects on the prediction of vibration signal in other industrial fields. Jiang et al. used a machine learning model with sinusoidal input signal to predict the magnitude and frequency of forced vibrations in the power system [15] . Multiple machine learning algorithms were employed to predict process parameters of drought crisis, such as the severity, duration, and peak intensity of drought. e experimental results showed that the LSSVR model has achieved good prediction results [16] . So far, it has not been found to utilize the data-driven method to predict the highest and lowest points of the flotation height under the vibration state.
At present, the existing research studies can either establish the flotation height model under stable state or vibration state. Due to the significant difference between stable state and vibration state, a single model is hard to predict the flotation height under both stable state and vibration state accurately. Some scholars have successfully divided the process into several different stages and established the submodels at each stage in related industry field [17, 18] . e k-means method was used to divide different working modes in the industrial process. For the division of states, Qin et al. and Zhao used the k-means method to divide the injection modeling process of polymer into several states [17, 18] . However, three shortcomings exist in the traditional k-means method. Firstly, the k-means method divides the dataset into k different cluster sets, but it cannot determine which category of a cluster set belongs to? Secondly, the initial center points of kmeans are difficult to be determined. Finally, the generalization performance of the k-means model is poor. Previous studies have shown that adding additional empirical knowledge or constraints to the training process of the data-driven model can effectively improve the generalization performance of the datadriven model [19] [20] [21] . To extract the information of the process, Zhao used the PCA method to extract the process information of the production process [18] . Hu compared the information capture ability between the PCA and the autoencoder in transition process. e autoencoder method shows strong processing ability in the process of information extraction. e result shows that autoencoder can well capture the important information of production transition process [22] . Deng et al. suggested that the autoencoder owned better nonlinear feature extraction ability than the PCA method. An autoencoder can effectively utilize potential information to improve the prediction accuracy of a classifier [23] . In addition, the industrial process often includes nonlinear process and contains lot of outliers. In order to suppress the noise and outliers in the industrial field data, some scholars have used the denoising autoencoder to extract process information. Gong et al. used the sparse denoising autoencoder to extract feature information from dataset containing outliers and got desirable prediction results [24] .
For the above reasons, it is vital to establish a division model which can consider the air flotation process knowledge and improve the predictive performance of flotation height. Firstly, this paper proposes a framework which can predict the flotation height at both stable state and vibration state. is frame is based on the hard division method. It can divide the flotation states and predict the flotation height under stable state and vibration state. Secondly, a hard division method combining stacked denoising autoencoder and floating process knowledge based clustering is presented. It can divide the work condition into steady state and vibration state. irdly, we propose a parallel hybrid flotation height prediction model for stable state via the simplified mechanism model and data error compensation model. Finally, a flotation height model is used to predict the maximum and minimum flotation height under vibration state.
Specifically, the contributions of this paper can be summarized as follows: (a) the framework can predict the flotation height of strip under both stable and vibration states, and (b) this paper combines the k-means method with production process knowledge to build a hard division model, and (c) we propose a parallel hybrid flotation height prediction model for stable state. e remainder of this paper is organized as follows. Section 2 briefly introduces the working process of air cushion furnace and related works. Section 3 height prediction model based on hard division method. Section 4 reports the experimental results and discussion. Section 5 draws conclusions.
Related Background and Algorithm
2.1. Related Background. In the production process, the strip is floated in the air without contacting with equipment. e production process of the air cushion furnace is shown in Figure 1 .
As shown in Figure 1 , the air cushion furnace has upper and lower rows of air boxes, respectively, arranged into two slot nozzles. e air goes into the air box from the inlet and goes out the air box from the slot nozzle. en, the air impinges the upper and lower surfaces of the strip. e lower slot nozzles produce impinging force F 1 on the lower surface of the strip, and the upper slot nozzles produce impinging force F 2 on the upper surface of the strip. e strip will be suspended in the air when the value of F 1 minus F 2 is equal to the value of the gravity of the strip. During the production process of the air cushion furnace, the strip has two flotation states: stable state and vibration state. e floating state of the strip is related to the fluid density, the impinging angle of the upper and lower slot nozzles, the upper and lower nozzle pressure, the thickness of the strip, and the density of the strip. e impinging angles of the upper and lower nozzles are determined by the equipment structure. e thickness and the density of the strip are the same in the same batch. us, the main influence factors of flotation height are the upper nozzle pressure and the lower nozzle pressure. e relationship between the nozzle pressure and flotation state of strip is shown in Figure 1 e horizontal axis represents the pressure P t1 of the lower nozzle, and the vertical axis represents the pressure P t2 of the upper nozzle. In general, the greater the lower nozzle pressure P t1 is, the more easily the strip enters to the vibration state when P t2 is fixed. e greater the upper nozzle pressure P t2 is, the more easily the strip enters to the vibration state when P t1 is fixed. Stable floating state of strip in Figure 1 (a) is shown in Figure 1 e strip oscillates around a certain position at Phase II.
In Figure 1 (b), V j is the air impinging velocity of the nozzle, w is the distance between two slot nozzles, b is the width of a single slot nozzle, h is the flotation height of the strip, θ is the impinging angle of the slot nozzle, and d is the distance between the lower edge of the upper nozzle and the upper edge of the lower nozzle.
Stack Denoising Autoencoder.
Stack denoising autoencoder (SDAE) is a mature algorithm, which stacks the denoising autoencoders to extract feature.
where x i is the i-th sample in dataset X, W l is weight matrix between input nodes and hidden nodes in the l-th denoising autoencoder, b l is bias vector in hidden nodes of the l-th denoising autoencoder, l � 1, . . . , L. σ(·) is the sigmoid activation function, L is the layer number of SDAE, and s i is the final features extracted by activation function. is paper uses the classical SDAE algorithm, which can be found in [25] . In view of the favorable data mining ability of SDAE on noisy data in industry field, the SDAE is used to extract the information from the process data of air cushion furnace.
k-Means.
e k-means algorithm divides a dataset into K clusters according to distance between samples [26] . C i is the i-th cluster. Minimizing the square error E is given by
where μ i is mean vector of C i , also known as barycenter. e equation of μ i can be formulated as
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Hard Division Method Based on Autoencoder and Empirical
Clustering. e k-means method has some problems: (a) the initial center points are difficult to be determined, (b) the parameter K needs to be manually adjusted, and (c) the class of subcluster is hard to be determined after clustering. However, the actual production process of air cushion furnace is a time continuous process, and the number of clusters K is difficult to be determined.
For the above problems of the k-means method, this paper proposes a floating process knowledge based on the clustering method and the empirical knowledge of flotation process, which is a hard partition method based on autoencoder and empirical clustering (HPAEC).
Floating Process Knowledge-Based Clustering.
e state division of experience is an extensive division method. Due to the fact that it is greatly affected by artificial experience, we cannot guarantee the accuracy of division results.
In order to improve the accuracy of the division result of stable state and vibration state, a new state division method combined floating process knowledge is proposed. is method exactly divides the flotation state based on the extensive division results of the state division of experience. For illustration convenience, floating process knowledgebased clustering algorithm is named as FPKC in the following. FPKC algorithm is shown in Figure 2 .
In Figure 2 (a), the horizontal axis represents the lower nozzle pressure P * t1 , and the vertical axis represents the upper nozzle pressure P * t2 . P * t1 and P * t1 are transformed from P t1 and P t2 by SDAE. Based on the flotation test of air cushion furnace by the cross-validation experiment, the solid line ② of Figure 2 (a) which represents the curve of state division of experience is obtained. With the increase of P * t1 and the decrease of P * t2 , the state of the strip is more likely to be the vibrate state. Moreover, with the increase of P * t2 and the decrease of P * t1 , the state of the strip is more likely to be the stable state.
Due to inaccuracy of the state division of experience method, a region around the curve ② at interval of d is obtained; in other words, the region named as fuzzy region is between ① and ③. Co1 is the geometric center points of labeled experimental data distributed on the upper left part of curve ①, and Co2 is the geometric center points of labeled experimental data distributed on the lower right part of curve ③. e hard division method procedure is given in Figure 3 , and the detailed descriptions are shown as follows (Algorithm 1).
For illustration purposes, in Figure 2 , Line1 represents an operation track. e variables X * n , T * i , P * t1 , P * t2 , Cto1, and Cto2 are transformed from X n , T i , P t1 , P t2 , Co1, and Co2 by SDAE. In Figure 2 
Experience Hard Division Method of SDAE.
e experience hard division method combines the FPKC with the SDAE. e flowchart is shown in Figure 4 . In Figure 4 , the SDAE extracts data features from the input dataset {X, Y}, and then FPKC divides input dataset {X, Y} into stable state dataset {X S , Y S } and vibration state dataset {X V , Y V } based on extracted data features.
Stable State Prediction Model (SSPM).
In this section, we propose a parallel hybrid prediction model based on mechanism model and data-driven model. e mechanism model is based on thick-wall jet theory and gravity balance equation, while LSSVR is employed as the error compensation model to predict the error and unmodeled parts of the mechanism model. e structure of the hybrid prediction model of strip is shown in Figure 5 . e main information of flotation height is predicted by the mechanism model. e nonmain information of flotation height and the unmodeled part of the mechanism model are compensated by the data-driven model. e structure of the parallel hybrid prediction model is shown in Figure 5 . e details are provided as follows:
( e final prediction value of the flotation height is obtained by fusing the outputs of the mechanism model and the LSSVR data-driven model.
Stable State Flotation Height Mechanism Model.
In previous studies, the flotation height prediction model of stable state is built on the thin-wall jet theory. e applicable condition of the thin-wall jet theory is b/h ≪ 1. In other words, this theory is suitable for circumstance where the flotation height of strip is high. However, applicable condition of the thick-wall jet theory is h/b ≤ 4.
at means thick-wall jet theory is suitable for circumstance where the flotation height of strip is low. However, in the actual production process, the flotation height of strip usually is low when the strip is under stable state. erefore, the thickwall jet theory is more suitable for stable state flotation height prediction [10] . e thick-wall jet theory has a prerequisite assumption: due to the effect of centrifugal force, there is a pressure gradient field with uniform change in the thin-layer profile of air cushion [10] . e requirements of force balance are Mathematical Problems in Engineering
where ρ is air density, b is width of slot nozzle, V j is air impinging velocity, p c is the air cushion pressure, and θ is impinging angle of nozzle. e equation of thick-wall jet theory is
where P t is nozzle pressure and b is width of slot nozzle.
According to equation (5),
where h is the flotation height, p c1 and p c2 are defined as air cushion pressure of under surface and upper surface of strip, p t1 and p t2 are the pressures of the lower and upper air box, and d is the distance between the lower edge of the upper nozzle and the upper edge of the lower nozzle.
Input: geometric center points Co1 and Co2, operation process training dataset X � {X 1 , . . . , X N }, Line 1 represents X; x i is a time slice data presenting a point of Line 1. Time slice representing a vector includes all features at a fixed time. Output: stable state and vibration state.
Step 1: e variables {X i , T l , Co1, Co2} are transformed into {X * i , T * l , Cto1, Cto2} utilizing SDAE. Determine the number of the intersection points N of the curve Line 1 and curve ①, ②, ③. e starting point numbering of Line1 is set as T * l . Along the trajectory direction of Line1, set intersection points numbering as T * l (l � 2, ..., L). e end point numbering of Line 1 is T * L+1 .
Step 2: All time slices in interval [T * l -T * l+1 ] are set as cluster C * l ; l � 1, ..., N. O * l is the mean value of all samples in C * l , l � 1, ..., N; and O l is also the center of cluster C * l .
Step 3: For all clusters, any two clusters are merged, if the Euclidean distance between two centers of clusters is smaller than θ. e center of the merged cluster is recalculated.
Step 4: Each sample in X is compared to each centroid of each cluster and assigned to the cluster whose centroid is nearest. Update all of the cluster centers. Calculate the distance between the original cluster center and the updated cluster center. If the distance is less than a minimum clustering distance threshold ε, go to Step 5. Otherwise, return to Step 3 and O * l � O * ′ l , O * ′ l is the updated center of cluster C * l .
Step 5: e time discontinuous data in C i are sorted by time sequence and are divided into M i different subclusters. e different subclusters are described as C ij , where j � 1, 2, . . . , M i . Mathematical Problems in Engineering Air impinging force per unit length is
where w is distance between the slot nozzles. Substituting equations (4), (6) , and (7) into equation (8):
where the strip exerts upward force F 1 and downward force F 2 , n 1 and n 2 are the number of the lower and upper air box respectively, and G is gravity of the strip. Flotation height h is obtained by solving the coupled equations of (9), (10), and (11) .
where the parameters A, B, C, D, and E are expressed as equations (13)- (17):
B � 2b 2 sin θ(cos θ − 1) + 2wb(cos θ + 1)
− 8b 2 cos θ sin θ n 1 P t1 + n 2 P t2 + 8db sin θ n 2 P t2 − n 1 P t1 + 2dG,
C � 4b 3 cos θ sin θ − wb 2 (cos θ + 1)(3 cos θ + 1) + 4bd 2 sin θ n 1 P t1 − n 2 P t2 + n 1 P t1 + 2n 2 P t2 · 8db 2 cos θ sin θ − 2db(cos θ − 1)(w + b sin θ) · 2n 1 P t1 + n 2 P t2 + 4wdb 2n 1 P t1 + n 2 P t2
D � 2wb 3 cos θ(cos θ + 1) + 2b 4 sin θ cos 2 θ(cos θ − 1)
· n 1 P t1 + n 2 P t2 + 8db 3 sin θ cos 2 θ n 2 P t2 + n 1 P t1 − n 2 P t2 4wdb 2 cos θ(cos θ + 1) + 4db 3 cos θ sin θ
E � wb 4 cos 2 θ cos 2 θ − 1 n 1 P t1 − n 2 P t2 − 4d 2 b 3 cos 2 θ · sin θ n 2 P t2 − 2db 3 cos 2 θ(cos θ − 1)(w + b sin θ)n 2 P t2 + wdb 2 cos 2 θ − 1 (2b cos θ + d)n 1 P t1 + 4wdb 3 cos 2 θn 2 P t2 − d 2 b 2 cos 2 θ + 2db 3 cos 3 θ
Error Compensation Model (ECM).
On nonlinear identification problem of finite samples, the least square support vector regression (LSSVR) method gets desirable prediction effect. It has also attracted a lot of attention in industrial field. In view of the advantages of LSSVR, the LSSVR model is selected to compensate the error between the prediction result of the mechanism model and the actual value. For detailed content, see the literature [17, 18] . (VSFHP) . At vibration state, the strip is usually reciprocating vibration around an equilibrium position. When the flotation height is too high or too low, the strip surface will be scratched due to contact with the nozzle. erefore, in order to ensure the quality of the strip, accurately predicting the strip height is a key factor at vibration state. e LSSVR model is employed to predict the highest and lowest point of the strip during the vibration process.
Vibration State Flotation Height Prediction Model
In Figure 6 , based on the experimental device, an online sensor is used to collect the flotation height experimental dataset {X V , Y V } at vibration state, wherein X V are features that affect the flotation height at vibration state and Y V is the actual flotation height. e laser range finder is used to measure and record the flotation height of strip, and the maximum values Y V max and the minimum value Y V min during the vibration state are extracted by Matlab software. e datasets {X V , Y V max } and {X V , Y V min } are used to train the two LSSVR. Two LSSVR predict the maximum and minimum flotation height of the strip, respectively.
Flotation Height Prediction Frame Based on Hard Division Method.
e flotation height prediction frame consists of division phase and prediction phase. e schematic diagram of the frame is shown in Figure 7 .
In Figure 7 , the procedure of the flotation height prediction frame is as follows:
(1) Division phase: the hard division model consists of the SDAE and FPKC method. rough practical experience and analysis, we can see that the state is related to fluid density, the impinging angle of slot nozzle, the nozzle pressure, the thickness of strip, and the density of strip. e goal of this phase is to accurately divide the stable state and vibration state of the strip and lay the foundation for the flotation height prediction of strip under stable state and vibration state.
(2) Prediction phase: based on the stable state and vibration state defined in division phase, the stable state and vibration state models are used to predict the flotation height. at is, the flotation height under stable state is predicted by the parallel hybrid prediction model in Section 3.2, and the LSSVR is used to predict the maximum and minimum flotation height under vibration state in Section 3.3.
Mathematical Problems in Engineering
Experimental Results
Description of Test Device.
e proposed frame is verified on the air flotation experimental platform developed by us. e schematic diagram and equipment figure of the air cushion furnace experimental platform are shown in Figures 8 and 9 , respectively [1] : e air flotation experimental platform includes furnace body, upper and lower fans, upper and lower air containers, upper and lower air boxes, upper and lower slot nozzles, airseal devices, etc. e type of inverter in experimental platform is Siemens MM 440. e specification of the experimental platform is 3 m × 3 m × 2.2 m. e product type of laser range finder is LOD2-250W150 whose measurement accuracy and frequency are 75 μm and 1.33 kHz, respectively. It is just to facilitate the measurement and acquisition of data during the experiment. However, in the actual industrial process, laser range finder does not exist in the air cushion furnace.
is experiment used strip with width of 300 mm. e strip thickness ranges from 0.4 mm to 2 mm. e same independent experiment was repeated four times under identical condition, and the average of the experimental results is used as the final result. e hard division method proposed in this paper is used to divide the dataset in the floating process into stable state dataset and vibration state dataset.
Experimental Setup.
In order to train the hybrid model, we collected a total of 2050 strip floating samples covering eight working conditions. Among them, 630 stable state samples and 32 samples under 4 different states were collected to test the hybrid model. 1420 samples at vibration state were also collected, and 32 samples under 4 different vibration states were collected to test the hybrid model.
In practice, the interfering signal and instrumentation precision affect the quality of the collected data so that the precision of the model will be degraded. e statistics discriminant method of Pauta criteria is applied to eliminate abnormal data. e data are processed by Pauta criteria standard discriminant equations (18) and (19):
where X is the mean value of the sample data X and v i , i � 1, 2, . . . , N, represents the deviation between the original value and the mean value. If |v i | ≥ 3σ, eliminate the sample x i . e parameters of the SDAE are given as follows: through the data preprocessing of the experimental data, the number of stacked layers is 2, and the number of hidden layer nodes of the first and second layer of SDAE is 15 and 10, respectively. e parameters of FPKC method are as follows: d � 5 Pa. In order to verify the superiority of SSPM, a lot of related validation experiments have been carried out. e experimental results of the proposed algorithm are compared with other algorithms, i.e., the mechanism model (MM), LSSVR, basic bagging (BB), and SBEH. e parameter setting of comparative algorithms is given as follows: in LSSVR, c � 4, σ 2 � 4025; the number of weak classifiers in basic bagging hybrid model is 120. e evaluation indexes for model evaluation are RMSE, MAE, and MAPE. e equations are shown as follows:
where Y o is actual flotation height and Y e is the prediction value of flotation height.
Experimental Results and Analysis.
is experiment was carried out on the air flotation experimental platform. In Figure 10 , the width of the aluminum strip is 300 mm. When the thickness of strip is 1 mm and the pressure P t2 is 0 Pa and 40 Pa, respectively, the division results of stable state and vibration state are as shown in Figures 10(a) and 10(b) . When the thickness of strip is 2 mm and the pressure P t2 is 0 Pa and 40 Pa, respectively, the division results are as shown in Figures 10(c) and 10(d) .
In Figure 10 (a), when 0 ≤ t ≤ 4.6 s, P t1 � 300 Pa, and P t2 � 0 Pa, the strip is at stable state. When 4.7 ≤ t ≤ 11 s, P t1 � 360 Pa, and P t2 � 0 Pa, the strip is at vibration state. In vibration state, the maximum value and minimum value of flotation height are about 31 mm and 25 mm, respectively. e hard division algorithm divides the flotation state into stable state and vibration state at the time of t � 4.6 s.
In Figure 10 (b), when 0 ≤ t ≤ 4.7 s, P t1 � 320 Pa, and P t2 � 40 Pa, the strip is under stable state. When 4.6 ≤ t ≤ 11 s, P t1 � 380 Pa, and P t2 � 40 Pa, the strip is under vibration state. In stable state, the maximum value of flotation height is about 39 mm and the minimum value of flotation height is about 29 mm. e hard division algorithm divides the flotation state into stable state and vibration state at the time of t � 4.7 s.
In Figure 10 (c), when 0 ≤ t ≤ 5.0 s, P t1 � 360 Pa, and P t2 � 0 Pa, the strip is at stable state. When 5.1 ≤ t ≤ 11 s, P t1 � 420 Pa, and P t2 � 0 Pa, the strip is at vibration state. In vibration state, the maximum value and minimum value of flotation height are about 29 mm and 23 mm, respectively. e hard division algorithm divides the flotation state into stable state and vibration state at the time of t � 5.1 s.
In Figure 10(d) , when 0 ≤ t ≤ 4.7 s, P t1 � 400 Pa, and P t2 � 40 Pa, the strip is under stable state. When 4.8 ≤ t ≤ 11 s, P t1 � 470 Pa, and P t2 � 40 Pa, the strip is under vibration state. In vibration state, the maximum value of flotation height is about 24 mm and the minimum value of flotation height is about 20 mm. e hard division algorithm divides the flotation state into stable state and vibration state at the time of t � 4.7 s. We compare our proposed method with SBEH, LSSVR, bagging, and MM. e stable experimental results are shown in Figure 11 . When the thickness of strip is 1 mm and the pressure P t2 is 0 Pa and 40 Pa, respectively, the relationship between flotation height and P t1 is as shown in Figure 11 (a) and Figure 11(b) . When the thickness of strip is 2 mm and the pressure P t2 is 0 Pa and 40 Pa, respectively, the relationship between flotation height and P t2 is as shown in Figure 11 (c) and Figure 11(d) .
In Figure 11 , the effects of these five algorithms are compared. SSPM has preferable generalization ability and accuracy. For the reader's convenience, Table 1 shows the RMSE, MAE, and MAPE of these five algorithms.
In Table 1 , SSPM has got better prediction results than SBEH. e reason can be explained by the fact that the simplified mechanism part of SSPM and SBEH is established based on thick-wall jet theory and thin-wall jet theory, respectively. e thick-wall theory is more suitable for the circumstance of low flotation height. e flotation height is low when the strip is under stable state, so the simplified mechanism part of SSPM is more suitable for the prediction of stable state. SSPM and SBEH get better prediction results than LSSVR, bagging, and MM. e reason may be that the generalization ability of the data-driven model is poor and the mechanism model is established based on the ideal hypothesis which ignores the coupling process between the ow elds. e hybrid parallel model combines the advantage of strong learning ability of the data-driven model and the high generalization of mechanism model. e datadriven model can compensate the unmodeled part and di cult modeling part of the mechanism model. Moreover, it can be found that prediction e ect of bagging is superior to LSSVR. e reason is that Bagging integrates multiple weak leaners, so bagging has higher generalization and diversity than single LSSVR. Bagging and LSSVR are superior to the mechanism model. e reason may be as follows: the strip otation process is a uid solid coupling process between the strip and air. e uid solid coupling process is hard to be established by the mechanism model. e mechanism model is established based on the ideal hypothesis that the e ect of coupling process between the ow elds can be ignored. Bagging and LSSVR with the advantage of strong learning ability can compensate the unmodeled part and di cult modeling part of the mechanism model. So the data-driven model is easy to get better prediction results than mechanism. e vibration experimental results are shown in Figure 12 . When the thickness of strip is 1 mm and the pressure P t2 is 0 Pa and 40 Pa, respectively, the relationship between maximum and minimum otation height and P t1 is as shown in Figures 12(a) and 12(b) , respectively. When the thickness of strip is 2 mm and the pressure P t2 is 0 Pa and 40 Pa, respectively, the relationship between maximum and minimum flotation height and P t2 is as shown in Figures 12(c) and 12(d) , respectively.
According to experiment results in the vibration state shown in Table 2 , high accuracy can be obtained by using LSSVR to predict maximum and minimum value of flotation height. e reason is that LSSVR owns strong learning ability and can learn the information in fluid and solid coupling process. LSSVR can get better prediction results under the circumstance that the training samples is few.
e proposed method can be applied to not only the flotation height prediction of the 1 mm and 2 mm strip in the air cushion furnace but also the flotation height prediction of other standard specifications of the strip. e reasons are as follows. Firstly, there are two work states in the production process. e hard division method proposed can divide the flotation state into stable state and vibration state. e division method can also be applied to other specifications of the strip. Secondly, the mechanism model based on the thick-wall jet theory has better prediction capability, when the strip is under a stable state. In addition, the data-driven model is used to compensate output error between the output of mechanism model and the actual value. e datadriven model has better learning ability and can mine the valuable information from the process data. e hybrid model consisted of the mechanism model and data-driven model. e above two factors let the hybrid model combine the good generalization performance of the mechanism model and strong learning ability of data model, so the proposed hybrid model can also be applied to flotation height prediction of other specifications strip. irdly, when the strip is under the vibration state, the data-driven model is used to predict the minimum value and the maximum value of the flotation height.
e data-driven model has better fitting capacity for the vibration state data. It can also be used for the prediction of other specifications of the strip. In summary, the SSPM proposed can predict flotation height to the other specifications of the strip.
Conclusions
In this paper, the content of study is flotation height prediction framework under stable state and vibration state. e flotation height prediction frame based on the hard division method is proposed in this paper. e main conclusions are as follows:
(1) In this paper, the flotation height prediction framework based on the hard division method is proposed. is method can divide the working state into stable state and vibration state and output flotation height values both at stable state and vibration state accurately. (2) A hard division method based on stacked denoising autoencoder and FPKC method is proposed. A FPKC algorithm which combines the knowledge of flotation process is established and can be applied for the time continuity problem. is hard division method can divide the working condition into stable state and vibration state with high precision.
(3) A parallel hybrid flotation height model SSPM for stable state is proposed. e SSPM gets better prediction results than SBEH, bagging, LSSVR, and MM methods. Compared with SBEH, SSPM established based on thick-wall jet theory is more suitable for the situation of low flotation height. e reason why the prediction effect of SSPM is better than LSSVR, bagging, and MM methods is that the SSPM combines the strong learning ability of the data-driven model and generalization of the mechanism model. (4) Finally, according to the vibration characteristics of strip in air cushion furnace, LSSVR is used to predict the maximum and minimum flotation height of the strip under vibration state. e vibration state prediction model has achieved good prediction results.
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